A human performs a variety of skillful movements by adjusting dynamic characteristics of his or her musculoskeletal system according to a task involved. Such characteristics of human movements can be described by mechanical impedance parameters. If the regulation mechanism of human impedance properties during the task can be clarified and modeled, there is a possibility that human skillful strategies can be integrated into robot motion control. This paper investigates human hand impedance in preparation for task operations, the so-called "task-readiness impedance", in a virtual ball-catching task. It further discusses a bio-mimetic impedance control of robotic manipulators for contact tasks via computer simulations using measured task-readiness impedance.
Introduction
A human performs a variety of skillful movements by adjusting dynamic characteristics of his musculoskeletal system according to a task involved. In a ball-catching task, for instance, a human player might miss a ball when he stiffens his arm beyond necessity for catching the ball due to a large contact force exerted by the hand on the ball. When the player's arm is too compliant, however, he might also miss because he cannot generate enough hand force to absorb the ball's motion. Thus, the player has to regulate the mechanical properties of his arm to catch a ball according to the task conditions, such as ball speed, weight, and size. In general, such dynamic characteristics of a human hand can be described using mechanical impedance parameters: stiffness, viscosity, and inertia. If the regulation mechanism of human impedance properties during tasks can be clarified and modeled, we should be able to integrate these skillful human strategies into robot motion control. The final goal of this study is to develop a bio-mimetic impedance control for robots to perform contact tasks by using human impedance parameters.
Much research has been done on robot motion programming to perform tasks on the basis of human demonstrations, in which a mathematical model of skillful human movements for maneuvering a robotic tool is expressed in terms of mechanical impedance. Liu and Asada [1] pioneered this research area, and many other studies have followed their work [2] [3] [4] [5] [6] . Although these previous studies described the characteristics of human movements in the framework of an impedance model, they did not investigate human impedance properties involved in the tasks.
Many experimental studies on human hand impedance have reported on multi-joint arm movements. For example, MussaIvaldi et al. [7] pioneered the measurement of human hand impedance, and examined hand stiffness in a stable arm posture. They found that hand stiffness strongly depends on arm posture, and that a human can change the size of a stiffness ellipse although he can change neither its orientation nor its shape. Dolan et al. [8] and Tsuji et al. [9, 10] investigated not only hand stiffness but also viscosity and inertia, and verified a qualitative analogy between hand stiffness and viscosity. Tsuji, et al. [11] also showed that the human hand's viscoelasticity changes radically with respect to the muscle activation level during isometric contraction in the upper limb. Gomi and Kawato [12] estimated hand stiffness during reaching movements, reporting that the stiffness changes considerably during reaching movements in comparison with that in a stable arm posture. They also calculated the virtual trajectory using estimated hand impedance parameters. These studies, however, do not discuss the adaptation mechanism of human impedance depending on task conditions, and the arm movements were restricted to the horizontal plane.
Unlike the studies above, Bennett et al. [14] described the dynamic properties of human movements using an open-loop transfer function, and analyzed the gain and phase characteristics of catching a falling ball through experimental results with human subjects. They examined the change in transfer characteristics caused by stretch reflex and voluntary muscle activation under various catching conditions. Their research focused on hand impedance in the uniarticular movements of the elbow joint, not multi-joint arm movements. The regulation of human hand impedance, however, was not resolved even though the target task is a dynamic movement. Lacquanti et al. [15] examined the time-varying changes in human hand impedance parameters during a catching task, in which arm movements were restricted to the vertical plane and a ball was dropped into the hand of a human subject. Hand viscoelastic properties were computed from angular ones of the elbow and wrist joints estimated by applying continuous pseudorandom perturbations at the elbow joint while inertia computed from the moment of inertia with a two-joint arm model. They showed that a human actively changes his/her hand viscoelastic properties around impact time while catching a falling ball, and suggested the existence of a parallel neural control of hand impedance parameters. However, hand viscoelastic properties were estimated under the strict condition that the timing of the impact was fixed relative to a sequence of the perturbations in every trial because the designed task was a passive one, and the influence of environmental dynamics, such as weight and speed of a ball, onto human arm movements was not discussed. This paper investigates the regulation mechanism of human hand impedance in multi-joint arm movements during a virtual ball-catching task according to environmental dynamics, and aims to develop a bio-mimetic motor control strategy of a robotic manipulator for dynamic contact tasks in the framework of a robot impedance control method [16] . The present paper is organized as follows: Section 2 describes an estimation method of task-readiness impedance for dynamic tasks based on the virtual-trajectory control hypothesis. Section 3 explains the experimental system using a robotic device developed for a virtual ball-catching task and the experimental procedure for analyzing the changes in hand impedance properties during the task. In Section 4, the regulatory ability of human hand impedance during the task according to experimental conditions is analyzed by associating it with hand movements and arm posture from a set of experimental results. Then, the potentiality of a bio-mimetic impedance control is verified through computer simulations using estimated human hand impedance and virtual trajectory. 
Task-readiness impedance

Method of impedance measurement
Let us consider multi-joint movements of the human upper extremity in the l-dimensional task space. When an end-point of a subject is displaced from its equilibrium by a small disturbance with a short duration as shown in Fig. 1 , the dynamic characteristics of the hand can be expressed using an impedance model [9, 10] as
where F e (t) ∈ R l is the hand force applied to the environment; X e (t) ∈ R l the hand position; X v (t) ∈ R l the virtual trajectory; and M e , B e , and K e ∈ R l×l are hand inertia, viscosity and stiffness, respectively. Assuming that the virtual trajectory X v (t) does not change during the external disturbance of short duration induced for measuring human impedance during stable arm posture, the following equation of hand dynamics can be derived from (1):
where dX (t) = X e (t) − X e (t 0 ), dF(t) = F e (t) − F e (t 0 ), and t 0 is the time when the disturbance is applied to the hand. In this model, the hand impedance matrices can be estimated from the measured hand position X e (t) and the hand force F e (t) from the least-squares method [10] . In dynamic tasks, however, X v (t) usually changes, and the only measurable variables are hand position (X e (t),Ẋ e (t),Ẍ e (t)) and hand force (F e (t)). Therefore, M e , B e , K e , and X v (t) cannot be uniquely determined from (2) . Besides, hand impedance should be regarded as a time-varying factor since the impedance parameters change according to the arm posture and the muscle contraction level during dynamic tasks [12] . It is thus very difficult to estimate hand impedance during dynamic tasks.
On the other hand, a human needs to regulate his hand impedance before motion for some target tasks. In the ballcatching task, for instance, a player should adjust his hand impedance before catching a ball according to the motion and physical properties of the approaching ball, otherwise it would be too late to prepare for the task. This suggests that the skilled player must successfully perform such a task by adjusting his hand impedance to the desired properties in preparation for the motion on the basis of his prior experience. Accordingly, the hand impedance parameters can be estimated using (2) since the virtual trajectory, X v (t), does not change much in the preliminary phase before motion.
This paper focuses on such a hand impedance in that preliminary phase, the so-called task-readiness impedance. Although task-readiness impedance differs from human impedance in dynamic motion, a human regulates his taskreadiness impedance according to a task before any motion occurs. Thus, analyzing task-readiness impedance may clarify a neurological function of human impedance regulation, such as learning ability and the adaptation mechanism of human impedance properties according to tasks.
Virtual trajectory
In the virtual-trajectory control hypothesis [13] , hand motion is created by the changes in the virtual trajectory, and the interaction force with environments as well as the hand impedance properties during a task. Therefore, if the interaction force to the hand were suddenly removed in a well-practiced motion, the hand would attempt to follow the virtual trajectory acquired from experiences.
Applying this hypothesis to the ball-catching task, for instance, such phenomena can be observed when a ball is unexpectedly disappeared just before a player is catching the ball as shown in Fig. 2 , in which he cannot feel any interaction force. At this situation, the virtual trajectory can be calculated from (1) as follows:
where M e , B e , and K e denote the task-readiness impedance parameters. The virtual trajectory calculated by (3) represents hand movements until just after motion. Although the hand impedance may start changing just before motion, the difference between the task-readiness impedance and the hand impedance just after motion is so small that the virtual trajectory derived by (3) is almost equal to the true virtual trajectory just after the motion begins.
Consequently, we estimate the task-readiness impedance and the virtual trajectory by providing the enforced displacement needed to move the hand in the missed-catch operation. However, it is not easy to implement such an instantaneous operation during a real ball-catching task in the multidimensional task space. Since the virtual-trajectory control hypothesis stands up in the one-dimensional task space, a virtual ball-catching task requiring straight hand motion is therefore demonstrated in the virtual space by using virtual reality technology in this paper. Fig. 3 depicts the experimental apparatus developed in this study. The system is composed of a robot that provides the interaction force generated between the virtual ball and the racket, a computer for robot motion control as well as signal processing, and a display to show the task information to a human subject. A subject is required to hit the virtual ball by operating the handle attached to the robot with the visual information provided on the bio-feedback display, while the robot presents the interaction force to the subject in hitting the ball.
Virtual ball-catching task
Experimental apparatus
The robot is constructed with a linear motor table (Nippon Thompson Co., Ltd.; maximum driving force 10 kgf; stroke length 400 mm; encoder resolution 2 µm), which is impedancecontrolled so the virtual interaction force between the virtual ball and the racket handle can be displayed to the subject. A six-axis force sensor (B.L. Autotech Co., Ltd.; resolution: translational force on x-and y-axes 5 × 10 −3 N, on z-axis 15 × 10 −2 N, torque 3 × 10 −3 N m) is attached at the base of the handle to measure the operating force of the subject. Fig. 4 illustrates the accuracy of estimated impedance parameters with a known spring-mass system in the prototype system, where mean values for five sets of the estimated results are plotted. We attached a weight to the racket handle of the robot, setting a spring between the handle and the fixed A human can change hand impedance properties by adjusting a muscle-contraction level as well as arm posture [11] . To investigate a mechanism of human impedance regulation, we measured the surface EMG signals from the wrist-joint flexor (flexor carpi radialis: FCR) and extensor (extensor ulnaris: ECU), the elbow-joint flexor (biceps brachii: BB) and extensor (triceps brachii: TB), and the shoulder-joint flexors (pectoralis major: PM, deltoideus anterior: DA) and extensors (teres major: TM, deltoideus posterior: DP). The sampling rate for measuring hand movements and EMG signals was set at 1 kHz in the experiments. We also used a stereo video camera system with two CCD cameras (Quick MAG: Oh-yoh Keisoku Kenkyusho, sampling rate: 60 Hz) to observe the subject's arm posture shown by the detected three-dimensional positions of color markers attached to the subject's body. In this paper, a human body is represented by a rigid-link model with 11 rotational joints, as shown in Fig. 5 .
A set of experiments were carried out with four male subjects (22-24 of year, all right-handed) in this paper. The measurement time in each trial was set at t e = 5 s and the sampling time at t = 1 ms. Fig. 6(a) presents an overview of a virtual ball-catching task in a one-dimensional task space (l = 1) in which the ball is hung from the ceiling at X f by a rigid pendulum with length L and angle θ. The initial position of the hand is set at the origin of the task space. The virtual ball is approximated with a viscoelastic model as shown in Fig. 6(b) , and the racket is regarded as a rigid body.
A model of virtual ball-catching task
The interaction force F int between the ball and the racket is calculated from the relative position X r (t)(= X o (t) − X e (t)) by
where B b and K b are the viscoelastic properties of a ball with weight M b and radius R b ; and dX b (= X r − R b n) represents a dent in the ball produced by contact with the racket. The robotic table is under impedance control [16] so that the racket position X e (t) follows
where M r , and B r denote the desired inertia and viscosity of the robot. Fig. 7 (a) illustrates a block diagram of the impedancecontrolled robot, where F act expresses a control input to the robot. Modeling the system dynamics of a real robot, R(s), by
the impedance control is expressed as shown in Fig. 7 (b) , where M and B are inertia and viscosity. The employed robot in this paper has M = 4.7 kg and B = 47 N s/m.
Experimental procedure
A subject is asked to perform a ball-catching task 120 times continuously, in which the following five operations are executed in random order to measure human hand impedance: (I) measurement of hand impedance while maintaining stable arm posture; (II) measurement during the stable phase before motion; (III) measurement of task-readiness impedance in the preliminary phase; (IV) measurement of hand impedance after motion; and (V) estimation of the virtual trajectory when the ball is suddenly disappeared just before contacting with the racket so that a subject could not strike the ball and feel any interaction force unexpectedly. This missed-catch operation was artificially conducted during repeated trials. The subject is then instructed to maintain his arm postures until just before motion.
In the target task, a subject is required to control his arm movements so that the interaction force between the virtual ball and the racket becomes small as much as possible at the impact time, otherwise the ball would rebound from the racket. Therefore, the skill level of subjects for the target task is evaluated by the maximum interaction force between the ball and the racket, F max int , and the period of the time during the ball contacts with the racket, t int , defined by
where
Namely, it is regarded that the skill level of the subject for the task is better as the value of F max int is smaller while the value of t int is larger.
Figs. 8 and 9 present examples of experimental results for an unskilled Subject A and a skilled Subject C during the ballcatching task, in which no external disturbance is induced to estimate hand impedance parameters. The solid lines in the figure (a) represent the hand position of each subject while the dotted lines are the ball position. The figure (b) illustrates the time profile of the subject's hand force during the catching task. The skilled subject completes the target task with smooth hand movements by adjusting his hand velocity according to the ball motion, while the unskilled subject did not catch the ball, which rebounded off the racket as shown in Fig. 8 . It can be observed that the hand force applied by Subject A is much less than that applied by Subject C. Table 1 shows the mean values of F max int and t int with standard deviations for a set of 120 trials by the subjects. Subjects C and D generated less hand force for catching the ball with a longer contact period than Subjects A and B. These results indicate that Subjects C and D have better skill in the target task than Subjects A and B. Fig. 10 shows an example of EMG signals of the skilled Subject C performing the task for five seconds, measured from one second before a starting signal appeared on the display, and in which the racket contacted the ball at t c = 2.6 s. The figure shows that the subject contracted his arm muscles to prepare for the target task before the racket contacted the ball.
Since the subject began to activate his arm muscle from t = 2.5 s, the external disturbances to the subject's hand for Operations I, II, III, and IV were induced at t 0 = 0, 0.5, 2.3 (about 0.3 s before the contact), and 4.5 s, respectively. Shaded Fig. 11 illustrates an example of hand movements measured in Operation IV for estimating task-readiness impedance. The figures (a), (b), and (c) express the time history of hand position X e (t), hand velocityẊ e (t), and hand accelerationẌ e (t) caused by the external disturbance from the top. The solid line in Fig. 11(d) represents the measured hand force together with the estimated hand force (the dotted line) calculated from (2), with the measured hand movements and the estimated hand-impedance parameters (K e , B e , and M e ). Fig. 11(d) demonstrates that the model in (2) can accurately describe the dynamic characteristics of human movements because the solid line almost coincides with the dotted one. Table 2 lists the mean values of the estimated impedance for each of five operations with standard deviations and the correlation coefficients ρ between the measured and the estimated hand force by using the least-squares method with (2) . Hand impedance was estimated with the same posture during Operations I-III. Tables (a) describe the impedance properties in Operations I, II, III, and IV, respectively. Asterisks, *, **, and *** refer to the estimated impedance parameters with statistical differences at significance levels of 5, 3, and 1% for hand-impedance parameters in the stable arm posture determined by the onesided t-test.
Experimental results
Human hand impedance during the task
It is obvious from the experimental results that all subjects increase hand stiffness estimated before motion (Operation II) compared with one in maintaining a stable arm posture before motion (Operation I). Consequently, it can be said that a human regulates his hand impedance properties before starting motions for a task. On the other hand, there are no significant differences between the estimated hand impedance in Operations II and III, except for Subject C. This result strongly suggests that a human had already begun regulating his hand impedance quite before starting motions. It can be also seen from Fig. 10 because the subjects contracted each muscle in the upper extremities from the beginning of the task (t = 0 s). Note that Subject C had already contracted his muscle for about 1.5 s so that his taskreadiness stiffness was larger than that estimated before motion.
The task-readiness impedance parameters of the skilled subjects are greater than those of the unskilled subjects as shown in Table 2 (c). To explain this difference dependent on Table 2 Measured human hand impedance during the ball-catching task human skill levels, we examined the arm movements from the change in joint angles. Fig. 12 shows the examples of arm postures during the task measured by a stereo camera system. The skilled subject raised the elbow joint higher than the unskilled subject during the task, and tried to utilize the whole arm to carry out the ball-catching task. This indicates that the skilled subject increased his hand inertia to suppress the effect of the contact force exerted by the ball. Fig. 13 represents the time profiles in the catching movement of the shoulder-joint angle θ 5 (the solid line), the elbow-joint angle θ 8 (the broken line), and the wrist-joint angle θ 11 (the dotted line). The skilled subject actively changed his joint angles for a short time before contacting the ball so his hand velocity would be the same as the ball velocity. Table 3 shows the damping coefficients and the natural frequencies of the hand motion during Operation III that are calculated from the estimated task-readiness impedance in Table 2 (c). It can be seen that the damping coefficients of the skilled subjects are less than those of the unskilled subjects while the natural frequencies are greater. This result indicates that the skilled subjects decreased the damping of the hand movements while adjusting the hand's viscoelastic properties to improve the tracking performance of the hand for virtual trajectory.
(a) Unskilled subject A.
(b) Skilled subject C. We also calculated the virtual trajectory with the estimated task-readiness impedance. Figs. 14 and 15 show the experimental results in Operation V for the skilled and unskilled subjects. The figure (a) shows the time history of the hand position (the solid lines) and the ball position (the dotted lines), (b) shows the hand force during the task, and (c) shows the virtual trajectory (the solid lines) and the hand position (the dotted lines). The time t c is the time when the racket contacts the ball. Regardless of the skill levels of the subjects, they greatly changed the virtual trajectory to adjust the velocity of the hand to the ball's motion so the hand velocity would be maximized at the contact.
Although there are not remarkable differences in the virtual trajectories just after the contact for either skill level, the natural frequency of the skilled subject's end-point was greater than that of the unskilled subject. (See Table 3 .) The skilled subject increased the response of hand mobility to follow better the virtual trajectory. Table 4 The maximum value of the interaction force and contacting time of the subjects for B r = 5 N s/m 
Changes in human hand impedance depending on task conditions
The above results strongly suggest that the subjects performed the target task by regulating both task-readiness impedance and virtual trajectory at the same time, according to the task conditions. We conducted further experiments by changing robot viscosity from B r = 20 N s/m to B r = 5 N s/m, and examined how the skilled Subjects C and D adjusted task-readiness impedance depending on the dynamic properties of the task environment. The values of F max int and t int by Subject D were less than those by Subject C, although they had almost the same score for B r = 20 N s/m (See Table 1 ). According to Fig. 16 and Table 4 , Subject D needed a longer time to reach the equilibrium for catching a ball than Subject C did. Table 5 lists the mean values with standard deviations of the estimated task-readiness impedance. Subject C increased his hand viscosity, as well as hand stiffness, more than for B r = 20 N s/m, to compensate for the decrease in racket viscosity (See Table 2 (c)), so the dynamic characteristics of the whole system including the human hand and the robot are almost equal in the case of B r = 20 N s/m. For Subject D, the whole system became less damped, since he increased mainly hand stiffness. As a result, Subject D as well as Subject C did not perform the ball-catching task. These experimental results demonstrate that a human adaptively changes task-readiness impedance as well as virtual trajectory during tasks depending on task conditions.
Bio-mimetic impedance control using human impedance properties
Finally, computer simulations are conducted to reproduce human hand movements in the ball-catching task using estimated task-readiness impedance and virtual trajectory, assuming that the dynamic characteristics of the human hand follow the impedance model given in (1) . Fig. 17 depicts the simulated result with the estimated task-readiness impedance of the unskilled Subject A, which corresponds to the experimental result in Fig. 8 . Similarly, Fig. 18 presents the simulated result using the task-readiness impedance of the skilled Subject C, which corresponds to Fig. 9 . The solid line in Fig. 18(a) represents the time profiles for the hand position; the dotted line represents the time profiles for the ball position; and the solid line in Fig. 18(b) represents the virtual hand trajectory.
The momentum of the virtual ball in Fig. 18 was absorbed successfully and the ball advanced smoothly to an equilibrium point for catching, while the ball in Fig. 17 bounced off the hand. These results show that the task-readiness impedance and the estimated virtual trajectory properly express the dynamic properties of human movements during task performance.
The proposed methodology with a human impedance model has potential for describing human skills and strategies for a task, which will be a key factor in developing a human-like robot.
Conclusion
This paper discussed how a human regulates his hand impedance properties for dynamic-contact tasks and analyzed the task-readiness impedance and the virtual trajectory of the hand in a virtual ball-catching task. From a set of the experimental and simulated results, we defined the following points on human movements:
• Human strategies for tasks can be modeled using mechanical impedance properties.
• Human impedance properties can be utilized to describe the skill level for tasks performed by a human.
• A human regulates his impedance properties appropriately during target tasks.
Future research will investigate task-readiness impedance according to impedance properties of an object and a robot, and the influence of bio-feedback information during task performance in detail. We also plan to examine task-readiness impedance during another task in the multi-dimensional virtual space.
